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Introduction
The well-known heterogeneity and complexity associated with catchments make it difficult to produce generalizations of their streamflow response beyond individual catchments [Dooge, 1986; Beven, 2000; McDonnell et al., 2007] . Yet, despite the heterogeneity and complexity present in individual catchments, it is generally believed that they hold some level of internal organization and simplicity of responses, which should permit a degree of predictability of their functional behavior [Dooge, 1986; Savenije, 2001; Sivapalan, 2003; McDonnell et al., 2007] . One example of generalized predictive behavior is that the mean-annual partitioning of precipitation into evaporation and streamflow is primarily a function of the relative atmospheric supply and demand of water, expressed by the aridity index, the ratio of the mean available energy (potential evaporation) to mean available water (precipitation) at the annual scale [Pike, 1964; Budyko, 1974] . This understanding of the process control of the annual water balance would allow a priori prediction, albeit to first order, of long-term average streamflows for catchments where no streamflow measurements are available [McMahon et al., 2013] . It has been shown that the energy versus water competition, as per the Budyko hypothesis, can even extend to the interannual variability of the annual water balance [Milly and Dunne, 2002; A. D. Carmona et al., Regional patterns of inter-annual variability of catchment water balances across the continental United States: Separating the roles of climatic and bio-geophysical controls, submitted to Water Resources Research, 2014] . Additionally, it would provide a framework for catchment intercomparisons [Falkenmark and Chapman, 1989] , for uncovering additional secondary controls, and for studying changes to the long-term water balance of catchments in response to climate and land cover change [e.g., Dooge, 1992; Zhang et al., 2001; Gerrits et al., 2009; Li et al., 2013] .
The dominant climatic and landscape controls on hydrologic responses are time scale dependent [Atkinson et al., 2002; Farmer et al., 2003] . Therefore, a natural extension of the Budyko-type framework would be one that might help to understand the physical controls on the similarity and differences of streamflow variability at shorter time scales. In this paper, we focus on developing a similarity framework for seasonal water balance behavior and the imprint of such seasonal water balance on signatures of streamflow variability at a range of other time scales. In the past, similarity metrics to group catchments with similar seasonal water balance behavior have been based on streamflow characteristics themselves [Pard e, 1933; Haines et al., 1988; Weingartner and Aschwanden, 1992; Hannah et al., 2005; Petersen et al., 2012] , climate characteristics [K€ oppen, 1936; Peel et al., 2007] , catchment characteristics [Breinlinger, 1996; Laiz e and Hannah, 2010] , hybrids of both climate and catchment characteristics [Woods, 2003; Yokoo et al., 2008] , and combinations of streamflow and climate characteristics . In this paper, we extend the similarity analysis beyond streamflow variability alone, and to explicitly include the fullness of the seasonal water balance.
Classification studies based on observed streamflow data alone help us to cluster catchments together on the basis of their similarity and even produce regional maps, but without explicit consideration of the underlying process controls (be they climate or landscape factors) they are unable to be used to make predictions in ungauged basins across noncontiguous regions. While spatial proximity can be used as a surrogate for catchment similarity [Andr eassian et al., 2012] under some circumstances, ideally, a similarity framework should be process based, and yet provide a foundation for comparative studies aimed at learning from observed data [Wagener et al., 2007] . The key process that underpins seasonal streamflow behavior is the storage variation that results in response to timing differences between water availability (rainfall plus snowmelt) and energy availability (potential evaporation) [Wundt, 1953; Thornthwaite and Mather, 1955; Willmott et al., 1985] .
The development of a similarity framework for the comparative analysis of the seasonal water balance would be of particular interest as these seasonal variations impact streamflow variability not just seasonally, but at other time scales as well. For example, in cold regions, accumulation during winter and subsequent melting of the snowpack and ice during spring produce strong seasonal streamflow variations. Because the seasonal water balance impacts the variations of soil moisture or snow storage and more generally, antecedent wetness conditions, it can have a major impact on runoff variability at event scales, and in this way affect streamflow variability at all time scales and states [Bl€ oschl et al., 2013] . At shorter time scales, for example, the seasonal water balance has been shown to control the middle part of the flow duration curve and thereby forms the connection between high flows and low flows [Yokoo and Sivapalan, 2011; Yaeger et al., 2012; Ye et al., 2012] . Over longer time scales, the seasonal water balance leaves an imprint not only on the annual water balance and interannual variability, but is also reflected in the vegetation types that become established [Stephenson, 1990] , and more generally, in ecosystem productivity [Harris et al., 2000; Robinson et al., 2012] . Consequently, the seasonal water balance behavior may provide ecohydrological insights into regional patterns of climate-soil-vegetation dynamics and help to delineate regions with fundamentally different hydrologic regimes [RodriguezIturbe, 2000] .
The aim of this paper is to develop a similarity framework to characterize seasonal water balance behavior, specifically including storage variations as well as the more general seasonal streamflow variations. The development of such a similarity framework, and the testing of hypotheses regarding the central role of the seasonal water balance in streamflow variability at all time scales, can provide deep insights that may enable parsimonious descriptions of catchment rainfall-runoff responses [Jakeman and Hornberger, 1993; McDonnell et al., 2007] , and achieve generalizations beyond individual catchments [Falkenmark and Chapman, 1989; Sivapalan, 2005] . The focus of the study is not necessarily to seek more detailed physically based understanding of individual processes, but to generate broader insights into the nature of streamflow variability at a holistic level through the development of an organized hydrological perspective [Kleme s, 1988] based on a synthesis of what is already known and built into standard conceptual models of catchment response.
In this paper, we use rainfall-runoff data from over 300 catchments across the U.S., and through a combination of data analysis and conceptual rainfall-runoff modeling we aim to: (i) bring out the diversity of the seasonal water balance of catchments located across the continent, (ii) develop a framework to characterize similarity and differences of seasonal water balance behavior amongst these catchments, (iii) use this framework to group the observed seasonal water balances into clusters exhibiting similar behavior, and (iv) test and elucidate the central role of the seasonal water balance in underpinning and linking several signatures of streamflow variability across a wide range of time scales and system states. This study may be considered as an extension and also a synthesis of the previous work of Kennard et al. [2010] , Sawicz et al. [2011] , Coopersmith et al. [2012] , and Ye et al. [2012] . Sawicz et al. [2011] used a Bayesian clustering scheme to group 280 U.S. catchments into nine homogeneous, hydrologically similar classes on the basis of a combination of six streamflow signatures. Kennard et al. [2010] also used Bayesian clustering scheme and hydrological signatures to obtain hydrologically coherent clusters in Australia. Coopersmith et al. [2012] developed a classification system to group a large and diverse population of catchments within the U.S. into homogeneous groups of similar seasonal streamflow variations. Ye et al. [2012] explored the dominant process controls of seasonal water balance in different parts of the U.S. through the use of a top-down modeling approach. In this paper, we extend the work of Coopersmith et al. [2012] and Ye et al. [2012] to arrive at a process-based similarity framework that includes the components of the seasonal water balance, including (model-predicted) seasonal variations of storage. The development of the similarity framework based on the seasonal water balance allows the clustering of similar catchments, supported by a deeper understanding of what makes these catchments similar. Consequently, the proposed delineation of hydrologically similar clusters extends from a purely empirical study [Kennard et al., 2010; Sawicz et al., 2011; Coopersmith et al., 2012] , or a modeling study , to one based on holistic process understanding.
Methods

Constructing the Seasonal Water Balances
Through the use of a conceptual and parsimonious rainfall-runoff model, we reconstruct seasonal water balances of some 372 catchments located across the entire U.S. These catchments, which belong to the Model Parameter Estimation Experiment (MOPEX) data set Schaake et al., 2006] , span a wide diversity of climatic and physiographic characteristics and range in size from 67 to 10,329 km 2 . Precipitation, temperature, potential evaporation, and streamflow are all available on a daily basis. Perennial snow cover is absent for most catchments and does not exceed 3% of the surface area for individual catchments [Berghuijs et al., 2014] . The MOPEX catchments are characterized by limited human influence [Schaake et al., 2006] , which allows this study to focus on natural variability. The impact of anthropogenic factors, such as dams, is considered beyond the scope of this study.
Storage and evaporation components of the seasonal water balance are obtained through the implementation of the previously published FLEX I water balance model [Fenicia et al., 2008] , now expanded with the snow module of Eder et al. [2003] . The model is of a lumped conceptual type and consists of stores representing the saturated and unsaturated soil zones, canopy interception and snow, and a surface store representing fast flow. Figure 1 presents the structure of the extended FLEX I model used here and provides the coupled set of water balance equations included in the model, the associated constitutive relationships, and the definitions of the parameters.
The model is calibrated in each of the 372 catchments using the MOSCEM-UA algorithm [Vrugt et al., 2003] with 10,000 iterations. The model is calibrated for the period 1972-1977 using as objective functions the Nash-Sutcliffe efficiency [Nash and Sutcliffe, 1970] of the flow duration curve and the Nash-Sutcliffe efficiency of the logarithm of the flow. Because of the focus on seasonal water balance, the parameter sets with the best Nash-Sutcliffe fit to the observed regime curves (45 day moving average mean within-year variation of streamflow) for the 10 year period (1972) (1973) (1974) (1975) (1976) (1977) (1978) (1979) (1980) (1981) (1982) are selected for further analysis. The 45 day time window is chosen to filter out most of the short-term and interannual variability of the observed hydrographs, but preserve most of the distinct seasonal behavior. For longer time periods, shorter time windows have been used to construct the regime curve [e.g., Ye et al., 2012] . Similar time windows provide noisy seasonal hydrographs when only 10 years of data are used. Most of the catchments produce a relatively smooth regime curve using the 45 day window that we have used. Of the 372 catchments, 51 catchments for which the Nash-Sutcliffe efficiency of the regime curves are smaller than 0.80 are removed from further consideration, in order to eliminate unrealistic and uncertain seasonal patterns. Figure 2 displays three examples of simulated and measured seasonal discharge regimes and associated Nash-Sutcliffe efficiencies (NS). The examples represent a good and clearly acceptable regime fit (NS 5 0.95), a marginally acceptable regime fit (NS 5 0.81), and a catchment with a poor fit, which was therefore rejected from any further consideration (NS 5 0.54). In general, catchments in the agricultural mid west and in the relatively more arid zones have poorer model performances, and are the ones removed from contention. This is in line with the earlier modeling study of Ye et al. [2012] . At the multiannual scale, because carry-over of soil water and frozen water storage over several years can be assumed negligible, especially when the water year is used, calibrated model predictions of evaporation can be deemed accurate enough. On the other hand, although no storage or evaporation measurements are available to validate model predicted withinyear variations of storage and evaporation, the spatial variations of seasonal water storage change between the months appear, to first order, to be in line with results of earlier studies [G€ untner et al., 2007] . Clearly, the outcomes of this paper will rely critically on the performance and robustness of the model predictions, and for this reason, they can be considered a plausible hypothesis that can continue to be refined in the future with further refinements to the model, improved estimation of parameters, and through conditioning with independent measurements, such as evaporation rates from flux towers, up-scaled to catchment scale [Thompson et al., 2011] and water storage variations from satellite gravimetry [Lo et al., 2010] .
With the available data and the internal dynamics simulated by the model, we characterize the first-order seasonal water balance dynamics of the remaining 321 catchments: how much water is stored and what part is released, using the 10 year mean of the 45 day moving average of a simple mean seasonal water balance equation:
where P n stands for rainfall (mm/d), P s for snowmelt (mm/d), Q for streamflow (mm/d), E a for evaporation (mm/d), S ug for storage in the unsaturated zone and groundwater reservoir (mm), S s for storage in the snow reservoir (mm), and t for time (day). In addition, we also define the water deficit D (mm/d), which is the difference between potential evaporation, E p , and actual evaporation, E a . Evaporation is a lumped flux combining all evaporative processes, including interception, soil evaporation, and transpiration. Combined storage in the unsaturated zone and in the groundwater reservoir is expressed as a relative storage of the catchment compared to the value on the first of January, which is fixed arbitrarily at 150 (mm) to allow intercomparison of catchment storage variations. Note that the model outcomes are solely used for the construction of seasonal water balances for the purpose of formation of clusters of similar catchments; the analysis of other signatures of streamflow variability will be based on measured streamflow data, not model predictions. The reconstruction of equation (1), through the use of multiyear model simulations, thus leads to the quantification of seven components of the mean seasonal water balance: P n ; Q; P s ; S s ; E a ; S ug ; D; as defined above. The mean within-year variations of these seven components will be the basis for defining similarity of seasonal water balances.
Constructing a Similarity Framework and Forming Coherent Clusters
Upon completion of the modeling and the quantification of the mean seasonal water balance for each of the catchments as per equation (1), the next tasks, using these model outputs, are the organization of these catchments into coherent groups on the basis of seasonal water balance similarity, followed by the identification of key physical controls of the seasonal water balance, to underpin the development of a quantitative similarity framework. These key tasks are undertaken in several steps.
First, all the individual seasonal water balances are presented on a national map. This map is used to visually explore the presence of coherent patterns in the seasonal water balances, and to compare these to results of previous classification studies [e.g., Coopersmith et al., 2012; Ye et al., 2012; Petersen et al., 2012] . Guided by the previous studies and the characteristics of the clusters formed here, we look for climatic variables that may govern broad-scale patterns of the seasonal water balance dynamics. We then test the ability of several hydroclimatic indices (see later for details) governing both annual and seasonal water balances that have been previously proposed, i.e., by Budyko [1974] and by Woods [2009] , to distinguish between classes of seasonal water balance behavior generated by the model. Finally, we experiment with variations of cluster boundaries through different combinations of the hydroclimatic indices and in this way form 10 hydrologically coherent clusters. This is done manually in an iterative manner until catchment clusters are formed that satisfy the key criteria of similarity within cluster (minimum within-cluster variance) and differences between (maximum between-cluster variance). The variance measure used here is the RMSE-observations standard deviation ratio [Moriasi et al., 2007] .
Comparison of Streamflow Signatures at a Range of Time Scales
Using the clusters formed on the basis of the seasonal water balance, we subsequently investigate if and how the seasonal water balance is related to, underpins, or explains other streamflow signatures, looking for evidence of within-cluster similarity and between-cluster variability. These signatures reflect the functioning of catchments over a wide range of time scales (daily to decadal) and a wide range of states (low flows to floods). The signatures considered are the flow duration curve, the flood frequency and growth curves, the low flow frequency curve and decline curve, the base flow index, the rising limb density, the annual streamflow and interannual variability, and the long-term water balance in the context of the Budyko hypothesis [Budyko, 1974] . Note that these signatures are not explicitly accounted for in the previous clustering analysis but, together as a group, can be considered composite measures of the overall hydrologic functioning of the catchments [Wagener et al., 2007; Sawicz et al., 2011] . Note again that this comparative analysis of the various signatures is performed using actual streamflow observations, not model predictions.
Results
Regional Patterns of the Seasonal Water Balance
We begin with a presentation of the diversity of the mean seasonal water balances across the U.S., as predicted by the model. For illustration purposes, we present in Figure 3 the mean seasonal water balance regimes for just 17 selected catchments, distributed across the country. The remainder of the 321 catchments not displayed (purely due to space limitations) can be considered, with a few exceptions, as interpolations between the chosen 17 catchments.
The inset at the bottom left corner and the caption illustrates the kind of information that is used to describe the seasonal water balance regime. These include: the main input to the system (rainfall 1 snowmelt: red line), potential evaporation (dashed black line), snow storage (blue line), and soil water storage (bold black line). The magnitude of actual evaporation is represented by the size of the dark blue shading, and the magnitude of streamflow is represented by the size of the green shading. Note that all of the quantities presented above are ensemble means, over the 10 years of model simulation. Also note that the soil water storage is a relative magnitude, set to 150 (mm) on 1 January. We now use this template to interpret physically the mean seasonal water balance regimes for the 17 chosen catchments, in order to gain insights into the nature of variability across the continental U.S.
In the western part of the U.S., the catchments have a seasonal precipitation regime, with the peak of precipitation during winter (out of phase with potential evaporation). Consequently, these catchments have a large storage variation over the year. High winter precipitation is partially stored and released later and hence streamflow is seasonal. In the Pacific Northwest, the water deficit (the difference between potential and actual evaporation) is only present during the months with low precipitation and additionally, there is a significant influence of snow. In central and southern California, the aridity index is higher and the seasonality of streamflow is also stronger, and significant discharge is only observed during the winter period. In arid catchments, streams may fall dry during summer and have a large water deficit throughout most of the year.
Moving east, the mountainous catchments in the Rocky Mountains, Cascade Range, and Sierra Nevada have a very distinct snow influence. Again aridity and water deficit increase when moving south, and are experienced throughout most of the year. Water availability and potential evaporation are more in phase, and snow accumulation on the surface and subsequent melt means less (and delayed) recharge to the soil below, leading to smaller soil water storage variation compared to the catchments in the western coastal states.
In the more arid catchments of the Great Plains, precipitation and evaporation are in phase, leading to very small storage variations and much smaller streamflows. In the interior lowlands east of the Great Plains, relatively small storage variation persists; however, catchments are less arid, leading to more streamflow. Overall, smaller storage fluctuations and reduced seasonal accumulation indicate that soil moisture storage is concentrated at the surface, and combined with random storm event occurrences, thus contributing to much temporal and spatial variability.
In the south-eastern part of the U.S., precipitation is seasonal. In Florida, a distinct increase in precipitation is observed during the summer months. A part of this water results in streamflow, but evaporation is high as well. Overall this increase in streamflow and evaporation does not match the precipitation and significant change in storage can be observed. In other south-eastern U.S. catchments, the presence of two small peaks in precipitation and lower precipitation during summer months leads to seasonality in discharge and significant storage variation. Catchments are relatively humid, and water deficit remains small during the summer months.
The eastern and north-eastern parts of the U.S. have relatively constant precipitation throughout the year, with a distinct increase of snow in the northern parts and parts of the Appalachian Mountains. These catchments do not have much water deficit, and the variation of water storage is relatively small. Discharge in Northern catchments is increasingly seasonal and out of phase with potential evaporation, but this is due to a combination of snowmelt and the phenology associated with deciduous forests .
The above assessment of seasonal water balance has highlighted several facets of the enormous variability seen across the continental U.S.: total runoff volume, seasonal flow regime, seasonal soil water storage regime, snow storage, and snowmelt. Preliminary assessment of the seasonal water balances of not just the 17 catchments, but all 321 catchments, indicate that, similar to Coopersmith et al. [2012] and Ye et al. [2012] , spatial variations of climate seasonality and aridity underpin much of the wide diversity of the seasonal regimes exhibited by the MOPEX catchments. Aridity determines the partitioning of precipitation into evaporation and discharge. The timing of precipitation in relation to potential evaporation has a large impact on seasonal soil water storage and the discharge regime. Additionally, snowmelt and accumulation processes provide a distinct streamflow peak and delay in soil water recharge in the mountainous catchments in the west. Vegetation phenology (which, like snow, is partly temperature driven [Thompson et al., 2011] ) contributes to the strong seasonality of streamflows in the north-east . Overall, we identify the role of climate aridity, precipitation timing, snow, and phenology (also governed by temperature), as the primary controls of the seasonal water balances. Therefore, they are potential candidates to serve as quantitative indices to define similarity of seasonal water balances.
Similarity Framework for Seasonal Water Balance
On the basis of the assessment of the computed seasonal water balances, we propose three dimensionless indices that account for the key physical controls identified above: aridity, precipitation timing, and snowiness. To allow simple forms for these indices, we assume that the seasonal variability of precipitation, potential evaporation, and air temperature can be modeled as simple sine curves [Milly, 1994; Potter et al., 2005; Woods, 2009] . This assumption holds well for most regions in the U.S., although catchments in the south and south-west of the U.S. may be exceptions.
where t is the time (days), s is a phase shift (days), s is the duration of the seasonal cycle (days), d is a dimensionless seasonal amplitude, D is the seasonal amplitude, and the subscripts T, P, and E stand for temperature, precipitation, and potential evaporation (mm/d). Duration s of the seasonal cycle is 1 year ðs T 5 s P 5 s E 5 365 daysÞ. P(t) is the precipitation rate (mm/d) as a function of t, with the time-averaged mean value P. E(t) is the potential evaporation rate (mm/d) as a function of t, with the time-averaged mean value E. The temperature, T(t) has a time-averaged mean value T ( C), and seasonal amplitude D T ( C). Using a least squares optimization, we obtain the coefficients of the equations for all individual catchments. From these equations, we adopt simple expressions for the seasonality and timing of precipitation, the aridity, and the fraction of precipitation falling as snow. With the variables presented in equations (2-4), we now define three dimensionless similarity indices, whose ability to characterize the similarity of seasonal water balances will be tested subsequently.
Seasonality and Timing of Precipitation
The similarity index governing the seasonality and timing of precipitation is defined as [Woods, 2009] :
The dimensionless variable d Ã P describes the seasonality of precipitation and whether or not the precipitation is in phase with the potential evaporation and temperature regimes (s T % s E Þ. d 
Fraction of Precipitation Falling as Snow
The fraction of precipitation falling as snow is the second similarity index. This fraction is both a function of temperature and d
where T Ã is a dimensionless measure of the mean temperature:
where T 0 is the critical temperature below which precipitation falls as snow, set at 1 C. The dimensionless similarity index f s can range from 0 (all precipitation falls as rain) to 1 (all precipitation falls as snow).
Aridity Index
The dimensionless aridity index is approximated by Budyko [1974] as:
where E is the mean potential evaporation rate (mm/d) and P is the mean precipitation rate (mm/d), where the mean is estimated over many years. u can range from 0 to (in theory) infinity.
Overview of the Similarity Framework
The three proposed hydroclimatic indices (d Ã P ; f s ; u) span a three-dimensional space, which is presumed to accommodate most of the spatial variability in the observed seasonal water balances. Figure 4 displays the framework, including a qualitative description of how some of the key components of the seasonal water balance change due to gradients in the proposed indices. To first order, the aridity index determines the long-term partitioning of incoming precipitation into streamflow and evaporation. The timing and seasonality of precipitation, in relation to those of potential evaporation, determines not only the within-year variation of streamflow, but also rates of accumulation and subsequent release of soil moisture and groundwater storage. An increased fraction of precipitation falling as snow contributes to the accumulation of snow during the cold winter period, a delay in contributions to soil moisture and recharge to groundwater, and the subsequent melting during spring, which contributes to higher delayed streamflows during this time of the year. In the east and north-east, a high value of f s also coincides with the presence of deciduous vegetation, which responds to the wide variations of temperature through large changes of phenology: dropping of leaves and minimal evaporation during winter and greening up and vigorous evaporation during spring and summer.
The spatial distributions of d Figures 5a-5c . Each of the three indices exhibits distinct regional patterns, generally independent of each other. Most of the catchments in the east and in the north-west tend to be generally humid, with low values of the aridity index, u, whereas catchments in the midsection of the continent as well as in the south-west are generally semiarid to arid with higher values of u. In the case of precipitation timing, catchments in the east tend to have lowprecipitation seasonality with values of d Finally, the patterns of f s show that catchments in the north-east and mountainous catchments along the Rockies, Cascade Range and Sierra Nevada have snowfalls exceeding 50%, whereas most of the rest of the catchments have lower to negligible snowfall as a fraction of total precipitation. The ability of these three independent hydroclimate indices to characterize the similarity and differences of the computed seasonal water balances of the 321 study catchments is explored next.
Grouping of Catchments Into Coherent Clusters
The objective here is to group the 321 study catchments into a small number of hydrologically coherent clusters on the basis of the seven components of the mean seasonal water balance, namely, P n ; Q; P s ; S s ; E a ; S u ; and D. In this study, the grouping is done manually through a trial and error procedure based initially on visual observations, which is then refined by an iterative procedure. This is achieved by progressively adjusting the boundaries between the resulting clusters in terms of the three climatic similarity indices defined before, through the application of objective criteria (minimum within-cluster variance and maximum between-cluster variance). Here only the results relating to the final cluster configurations are presented. Figure 6 presents the seasonal variations of these same seven components for catchments belonging to each of the resulting final 10 catchment clusters. Regimes of individual catchments are displayed using thin lines, while the average value within the cluster is presented using a thicker black line. These displays can already be used to visually assess the degree to which these seven components of seasonal water balance show similarity and differences, both within and between the clusters. There is much that can be learned from Figure 6 about the richness of seasonal water balances across the U.S.: not only the differences between the clusters, but in some cases even the variability within some of the clusters themselves. One way to frame this discussion is to chart how the variability in the precipitation propagates through the catchments and ends up in the observed streamflow variability. First row of Figure 6 shows that there is considerable variation in the seasonal precipitation regime between the clusters: from a large snowmelt component (B1, B2), out-of-phase seasonality of P with E p (A1, A2, and A3), in-phase seasonality (C1, C2), mild to no seasonality (D2, D3) to mild out-of-phase seasonality (D1). These propagate to wide variations in the snow and soil water storage and streamflow. In B1 and B2, snow storage is more dominant than soil water storage, and spring snowmelt dominates streamflow. A1, A2, and A3 experience large seasonal soil water storage variations, and winter flows dominate streamflow. Due to in-phase seasonality, the range of seasonal soil water storage is very low in C1 and C2, and streamflow is mildly seasonal with dominant winter flows. There is also considerable within-cluster variability in C1 and C2 compared to the more western clusters, perhaps pointing to the dominance of local, event-scale responses, and potentially also caused by differences in soils, or land cover and land management in these major agricultural regions. Clusters D2 and D3 show that the slightly (or no) in-phase seasonality of precipitation is transformed to strong out-of-phase seasonality of streamflow. This is a combined result of snowiness and a strong impact of vegetation phenology. Finally, D1 represents a more straightforward transformation from out-of-phase precipitation to out-ofphase seasonality of streamflow. In spite of these large variations across the continent, the seasonal regimes of actual evaporation show considerable similarity in both shape and magnitude amongst all clusters, less so for the dry catchments (e.g., A2, A3). This is interesting, considering that the clusters cover a broad range of climates and landscape properties, including vegetation. Granted, this is a model predicted result, yet these rates when aggregated to the annual time scale are still correct, because the model is calibrated against observed streamflows. This comes across as an emergent pattern, and raises the question as to whether any of this can be explained by adaptation of the catchment (and vegetation) with climate. This calls for further detailed study, with the use of not only measured evaporation rates in different parts of the continent but also estimates of vegetation cover and net primary productivity, guided by large-scale theories governing long-term water balances and vegetation behavior, including the Budyko and Horton Hypotheses [Budyko, 1974; Troch et al., 2009] . Figure 6 indicate remarkable similarity within, and significant differences between, the 10 catchment clusters, can this be objectively confirmed? In order to assess this quantitatively, we estimated the RMSE-observations standard deviation ratio (abbreviated as RSR) [Moriasi et al., 2007] for the seven different components of the seasonal water balance (P n ; Q; P s ; S s ; E a ; S u ; D) of individual catchments, compared to the mean regimes of that component of a certain cluster, given by: 
Even though visual inspection of the results presented in
where n is the catchment under consideration, N is the number of catchments present in that cluster, M is the cluster under consideration (M 5 1:10; A1, A2, A3, B1, B2, C1, C2, D1, D2, D3), K is the cluster to which a catchment from cluster M is compared (K 5 1:10; A1, A2, A3, B1, B2, C1, C2, D1, D2, D3), m is the regime of consideration (m51 : 7; P n ; Q; P s ; S s ; E a ; S u ; D), i is the day of year (i 5 Table 2 , which represent the variance within, whereas the off-diagonal terms that represent variance between are all larger. This confirms that the 10 chosen clusters are indeed hydrologically coherent and possibly having distinct characteristics, both visually and objectively. Of course there is still considerable variability within some of the clusters. Likewise, both visual inspection and the magnitudes of the offdiagonal terms in the RSR K M table show that differences between the clusters D1, D2, and D3 are relatively small, even though they are still larger than the diagonal values. There is also a discrepancy in that D2 and D3 appear to be similar in terms of these metrics: both are affected by phenology and snow, yet to different degrees.
In order to place the 10 catchment clusters within the similarity framework proposed above, based on the three similarity indices, d Ã P ; f s ; u, as part of the clustering procedure, we determined the combinations of the ranges of values of d Ã P ; f s ; u, that apply to each of the 10 distinct clusters. These are presented in Table 3 , which also contains a brief description of the nature of the within-cluster seasonal water balance, including, in each case, our initial interpretation of the dominant feature that controls the seasonal patterns of hydrological response. clusters obtained in this way; they exhibit remarkable spatial coherence. Figure 7 also displays the ranges of the climatic similarity indices d Ã P ; f s ; u; that delineate the clusters, which emphasizes the role of seasonal climate in underpinning the seasonal water balances and associated dominant processes, regardless of landscape properties.
Having established the coherence and geographic location of the 10 chosen clusters and their connection to the three climatic indices, we next explore whether the locations and geographic spread of the clusters are mirrored in any on-ground features. Figure 8 presents the well-established ecosystem regions, soil orders, and locations of broad-scale plant formations across the continental U.S., in each case overlain by the locations of the 321 catchments and the clusters to which they belong. The results show a remarkable match between the locations and regional spread of the catchment clusters and the physiographic regions and plant formations, which not only supports the notion that the formation of local soils and vegetation is climate dependent, but also that vegetation and soils both contribute to and are a reflection of the seasonal water balance regime. The dominant features attributed to each of the catchment clusters in Table 3 , can thus be deemed as mechanisms through which vegetation and soils adapt to and modify the seasonal water balance in each case. It must also be noted that although MOPEX catchments are characterized by limited anthropogenic influences [Schaake et al., 2006] , some of the catchments in classes C1 and C2 are partly covered by cropland and pasture.
Connection to Similarity of Streamflow Signatures
Now that we have formed coherent clusters of catchments based on the seasonal water balance, each with distinct dominant seasonal processes, we explore their possible imprint on signatures of streamflow variability at a range of time scales. The variability of each signature within and between the clusters is examined, including any connections between these various signatures and aspects of the seasonal water balance. Note again that these signatures are derived directly from streamflow observations and not model predictions. The results are presented in descending order of time scales (annual, seasonal, daily), and extreme states (floods and low flows). While one would expect to see the manifestation of only the net effects of seasonality at the annual scale, the nature of climate seasonality can be expected to be explicitly manifested in streamflow variability at the seasonal scale. On the other hand, not all local (spatial) or short time scale variability can be accommodated in mean seasonal water balance behavior, and therefore is likely to show up as additional variability or ''noise.'' Figure 9 presents (top) the mean annual runoff ratio, and (middle) the coefficient of variation (CV) of the annual runoff ratio, i.e., the standard deviation of the annual runoff ratio divided by the mean runoff ratio. Note that clusters are organized here from the left to the right through a combination of aridity and seasonality (wet-dry-wet, out-of-phase, in-phase, no seasonality), in order to capture the gradient in dominant processes (and therefore, the order is different from what appears in Figures 6 and 11 ). Due to this organization, the results in Figure 9 (top) indicate that the mean annual runoff ratio initially decreases from the left to the right, hitting a minimum for cluster C2, and then increasing again toward the right. Correspondingly, the mean CV of annual runoff ratio shows an opposite trend: initially increasing from the left to the right The table contains the cluster name, the dominant vegetation type [Stephenson, 1990] , ecoregion [Bailey, 2009] and then decreasing again. These changing but consistent patterns between the clusters are mostly due to change in aridity: clusters A3 and C2 (both arid regions) exhibit the smallest mean annual runoff ratio and largest mean CV. In addition, the within-cluster variability also exhibits the same or similar pattern as the mean CV: it first increases from left to right, and then decreases. Clusters A3 and C2 both exhibit the largest within-cluster variability. These trends are a consequence of a combination of aridity and intraannual variability of precipitation timing, and the presence or absence of snow.
Mean Annual Water Balance and Interannual Variability of Streamflow
To separate the effects of aridity, precipitation timing, and snow, we present in Figure 9 (bottom) the mean annual water balances of the study catchments on the Budyko curve [Budyko, 1974] as a function of the aridity index, but organized by cluster. The results in Figure 9 (bottom) shows that the mean annual water balances of individual catchments do indeed fall around the Budyko curve, but with large deviations. There is considerable organization to this scatter, however, in terms of the positions of the various clusters. Similar to previous studies [Hickel and Zhang, 2006] , we find that timing of precipitation does have an impact on mean annual water balance. While clusters C1, D1, and D2 fall right on the Budyko curve or close to it, clusters A1, A2, A3, B1, B2, and D3 fall away (below) from the Budyko curve, producing more runoff (to different degrees) than predicted by Budyko. Differences between D1, D2, and D3 are due to differences in phenology and snowiness. Deviations from the Budyko curve are greatest for the mountainous clusters B1 and B2. In other words, the presence of snow increases annual runoff, i.e., B1; B2: f s > 0:45; D3: f s > 0:2 ð Þ , which is in line with the earlier findings of Berghuijs et al. [2014] . The semiarid and arid clusters with seasonal precipitation and precipitation in phase with potential evaporation, i.e., C1; C2: AI > 0:9; d Ã P > 0 À Á , have significantly less runoff (i.e., more evaporation) compared to Budyko's prediction. This is in contrast to catchments with precipitation out of phase with potential evaporation, i.e., A1; A2; A3: d Ã P < 20:3 À Á , which generate slightly more runoff than predicted.
Base Flow Index and the Rising Limb Density
The rising limb density is defined as the ratio of the number of rising limbs to the total length of time the hydrograph is rising [Shamir et al., 2005] . A high rising limb density value indicates flashy hydrographs. The Figure 7 . The organization of the 321 MOPEX study catchments into 10 hydrologically similar catchment clusters. The dotted boxes contain the description of the catchment classes, index ranges ðd base flow index is the ratio of long-term base flow to total streamflow; in this case, the base flow is estimated from the observed streamflow hydrograph through the application of a low-pass filter [Arnold et al., 1995; Vogel and Kroll, 1992; Kroll et al., 2004] . In a sense these are complementary features, the rising limb density is an indicator of frequency of fast flows, and base flow index is a measure of the importance of slow flows. We use the one-parameter single-pass digital filter method and associated parameters based on previous studies [e.g., Arnold et al., 1995; Eckhardt, 2008; Sawicz et al., 2011] to estimate the base flow index. Figure 10 displays the rising limb density and base flow index for the 10 catchment clusters. The base flow index is highest in the catchments dominated by snowmelt only ðB1; B2: f s > 0:45Þ and lowest in the flat, semiarid, and arid catchments where small storage variability occurs C1; C2: AI > 0:9; d Ã P > 0 À Á . Catchments with a high rising limb density also have a low base flow index, and vice versa. Landscape controls play a vital role in determining both the base flow index and rising limb density, with strong differences between the mountainous catchments in the west and the flatter catchments in the mid west and the east. The results on the base flow index here agree with the regional patterns presented in Beck et al. [2013] . nondimensionalized seasonal flow regime of the catchments. The catchments with most precipitation falling as snow (B1; B2: f s > 0:45Þ have a distinct streamflow peak during spring. Arid and semiarid catchments, with precipitation and potential evaporation in phase, C1; C2: AI > 0:9; d Ã P > 0:0 À Á , have the greatest within-class variability of flow regimes. Maximum flow in many catchments occurs in different winter or spring months, but for the arid catchments of C2, this peak in some cases observed during summer as well. This is not surprising, given the high variability of the precipitation regime shown in Figure 6 , for these clusters. For catchments where precipitation and evaporation are out of phase A1; A2; A3: d Ã P < 20:3 À Á the streamflow is highly seasonal (mostly winter flows), with the seasonal variability becoming increasingly skewed with increasing aridity. The seasonal flow regimes of clusters D1, D2, D3 are relatively similar, but for different reasons. The seasonal patterns of D1 simply reflect the precipitation pattern (which is mildly seasonal and out of phase with potential evaporation), whereas the seasonal flow regimes of D2 and D3 are more a reflection of vegetation phenology and snow storage. Overall, one can see that there is a clear imprint of the seasonal water balance in the Pard e coefficients, which is to be expected.
Seasonal Flow Regime and Pard e Coefficient
The Flow Duration Curve
The flow duration curve (FDC) is a representation of the frequency distribution of streamflow defined for a specific time step, usually daily [Vogel and Fennessey, 1995] . Figure 11 (second row) presents the FDCs for individual catchments (thin lines) and the average value within the cluster (thicker black line) for the daily discharge values. Note that the FDC is a frequency domain representation of daily flow variability, and the timing of flow is lost during its presentation. Nevertheless, in most of the clusters, a clear imprint of the seasonal water balance is still present in the FDCs. The catchments with most precipitation falling as snow (B1; B2: f s > 0:45Þ show compact FDCs with a distinct inflection point. This inflection represents the differences between the period in spring when the winter snowpack is melting and the rest of the year. Arid and semiarid catchments, with precipitation and potential evaporation in phase, C1; C2: AI > 0:9; d Ã P > 0 À Á , may become dry during part of the year because there are marginal soil water storage variations that can buffer dry periods. These two clusters also show significant variability within the clusters, reflecting the seasonal variability of precipitation regimes ( Figure 6 ) and flow regimes (Figure 11 ). In semiarid and arid catchments where precipitation and evaporation are out of phase, A2; A3: AI > 0:75; d Ã P < 20:3 À Á ; the river dries out during the summer period because the soil water storage recharged during winter and the winter snowpack cannot provide sufficient base flow for the entire arid summer period. Overall, several clusters show remarkable similarities of the FDCs, e.g., D1, D2, D3. Also, sometimes it is hard to distinguish the cluster to which a catchment may belong on the basis of the FDC alone. This equifinality is a consequence of the frequency domain representation of the FDCs: two different types of within-year variability can give rise to very similar FDCs, as shown previously by Yaeger et al. [2012] . Where there is considerable variability within clusters (e.g., C1, C2), the variability is probably due to the role of the landscape properties, as well as event-scale responses that are not captured by the similarity framework but which would require extension of the model to include additional sources of variability in climate and/or catchment characteristics. Figure 11 presents the growth curve (third row), the flood frequency curve (fourth row) and the timing of annual maximum flow (fifth row), using all available historical data, which in this case includes up to 54 years of daily flow data. Note that the flood growth curve is a plot of the ratio of annual maximum streamflow to the mean annual flood (linear scale) as a function of the Gumbel reduced variate. The flood frequency curve is the plot of the actual (nonnormalized) annual maximum streamflow (in this case, presented at a logarithmic scale) also as a function of the Gumbel reduced variate. Note that the analysis of floods here has been carried out based on daily flows only, which has obvious limitations for flood frequency analysis. Nevertheless, both signatures are valuable indicators of the variability of extreme (annual maximum) flows. The results show significant similarity and differences between and within the clusters, and once again an imprint of the seasonal water balance can be seen in both signatures. For example, the growth curves for A1 and B1 show remarkable Extreme Value Type I (EV-I or Gumbel)-like behavior (straight line), whereas the arid clusters, A3; C2 ð Þ, show more nonlinear, EV-II-like behavior, in line with the findings of Farquharson et al. [1992] . Catchments with high snowfall, ðB1; B2; f s > 0:45Þ, show very low within-cluster variability, whereas the arid catchments belonging to A3 and C2 show increasing within-cluster variability with increasing return period. Of the remaining clusters, the humid catchments belonging to D1, D2, and D3 show a common, compact (and linear) behavior up to a threshold value of return period, after which there is substantial within-cluster variability. This suggests a mix of flood producing processes (rainfall or snowmelt driven) and a change of process with increasing return period, partly contributed to by seasonality. Absolute flood values show considerable between-cluster variability mainly reflecting the wetness of the catchments (a function of aridity), and considerable within-cluster variability for catchments with a high aridity and low seasonal variability, i.e., C1; C2: AI > 0:90 ð Þ , but also for the more humid catchments D1, D2, and D3. Most clusters show strong seasonality in the timing of maximum flows, which is linked to the timing of maximum storage, although there is considerable variability between the clusters. Catchments in which storage variations are the smallest (C1, C2) also have the highest uncertainty in the timing of peak flows.
Flood Frequency Curve and the Flood Growth Curve
3.4.6. Low Flow Frequency Curve and Decline Curve Figure 11 presents the decline curve (sixth row), the low flow frequency curve (seventh row), and the timing of the minimum flows (eighth row). The decline curve expresses the annual minimum discharge of 15 consecutive days, as a fraction of the mean annual minimum discharge, as a function of the Gumbel reduced variate. On the other hand, the low flow frequency curve expresses the minimum discharge of 15 consecutive days as a function of the Gumbel reduced variate. Both curves are constructed using all available historical data per catchment. Figure 11 indicates that generally the between-year variability of low flows increases with climatic aridity. Catchments with high winter precipitation A1; A2; A3: d 
Discussion of Results
On the Similarity of Seasonal Water Balance
The patterns displayed in Figure 7 indicate that the grouping procedure used in the study has produced coherent spatial clusters of similar seasonal water balances that satisfy the set criteria of minimum withincluster variance and maximum between-cluster variance. Admittedly, the clustering presented here is based on seasonal water balance predictions by a conceptual model calibrated to observed streamflows. Without independent information on evaporation, soil moisture, and snow storage, the results are likely to include some degree of equifinality, i.e., there could be more or less evaporation (or storage) than is predicted by the model. Until more information is available, the clustering of catchments can be deemed as a hypothesis that remains to be tested.
The clusters of hydrologically similar basins are not only hydrologically coherent [e.g., Kennard et al., 2010; Sawicz et al., 2011; Petersen et al., 2012] , but are also physiographically and climatically coherent. The spatial pattern of catchment clusters is largely overlapping with previous classification studies based on streamflow signatures [Sawicz et al., 2011; Coopersmith et al., 2012] or dominant process controls . Compared to these studies, we exposed hydrological coherence at a wider range of time scales (daily to decadal), a wider range of states (low flows to floods), and a wider range of processes (water balance components). Clusters are characterized by the magnitudes of three climatic indices relating to aridity, precipitation timing, and snowiness. Compared to Coopersmith et al. [2012] , the amount of similarity indices to distinguish between different classes is reduced, and now only depends on climatic variables. Our indices account for the role of snow. Snow is not explicitly included in the indices of Coopersmith et al. [2012] and Petersen et al. [2012] .
In general, classes with more catchments naturally have larger within-class variability of hydrologic regimes. This larger range of variability can be due to the larger number of catchments within the cluster, but can also be due to the larger diversity of physiographic, anthropogenic, or climatic factors within a cluster. Attribution of the larger within-cluster variability requires further detailed study of individual clusters or regions. Similar to Coopersmith et al. [2012] , these results may suggest that the seasonal water balance is primarily controlled by climate. However, as shown in Figure 8 , the clusters also coincide very well with well-known ecosystem, soil, and vegetation classes. This not only lends credence to the grouping achieved on the basis of the seasonal water balance, but indicates a codependence of vegetation with seasonal water balance, i.e., the type of vegetation and its dynamics impact the seasonal water balance, but on the other hand the vegetation type and dynamics also reflect the water balance. The seasonal water balance thus provides ecohydrological insights into the regional patterns of climate-soil-vegetation dynamics and helps to delineate regions with fundamentally different hydrologic regimes [Rodriguez-Iturbe, 2000] . This study also confirms previous results from ecological studies that have shown that it is not annual precipitation but seasonal precipitation and timing that govern vegetation types and functioning, and their geographic distribution [Stephenson, 1990; Robinson et al., 2012] .
The seasonal water balances presented in Figure 6 also reveal differences in certain dominant features that drive or reflect the seasonality of the water balance. Snowmelt and snow storage, driven by snowiness of precipitation are the dominant features in clusters B1 and B2. Carry-over of soil moisture and groundwater storage, in response to a strong out-of-phase seasonality, is the dominant driver in clusters A1, A2, and A3. Surface soil moisture variations, likely driven by storm events, appear to be the main drivers of the seasonal water balance in clusters C1 and C2. Finally, vegetation phenology driven by seasonal variations of energy (and possibly soil moisture storage) is the main driver of seasonal water balance in clusters D2 and D3. These dominant processes are consistent with both the seasonal climate and the types of vegetation that are present: A1, B1, B2 (coniferous), A2 (coniferous forest and shrubs), B3 (shrubs), C1, C2 (short grass prairie and long grass prairie), D2, D3 (deciduous), and D1 (mixed deciduous/coniferous). The close association between the seasonal water balances, as reflected in these dominant features, and the types and functioning of the vegetation present, along with the patterns of seasonal variation of actual evaporation seen in Figure 6 , bring attention to the different mechanisms that vegetation may have adopted to respond to and also reflect the seasonal water balance behavior. Examples of such adaptation include the carry-over of storage from wet to dry periods in clusters A1 and A2, and seasonal phenology changes in clusters D2 and D3.
Thus, in spite of the fact that the similarity framework used quantitative measures of similarity based on climate, it is still relying heavily on adaptation of the landscape, especially vegetation, to the climate. There is no guarantee that another place in the world with the same climate factors will evolve in the same way, in the presence of a different topography and geology (or parent material). To be universally applicable, the similarity framework must find a way to explicitly account for the role of landscape factors. A similarity framework based on a combination of climate and landscape characteristics is feasible in theory [e.g., Yokoo and Sivapalan, 2011] , but suffers from the inability to specify the controlling landscape properties in an unambiguous manner for a large number of catchments. Evidence is emerging that model parameters relating to landscape properties are dependent upon climatic factors [Milly, 1994; Troch et al., 2013] . This codependence is an issue that requires focused research efforts in the future before we can complete the development of universal catchment classification schemes, and is beyond the scope of the present empirical study. The framework proposed here also suffers from the fact that local climate variations are not fully represented in the formulation, e.g., the bimodal rainfall patterns present in some southern states.
On the Link of Seasonal Water Balance to Other Streamflow Signatures
Now that the catchment grouping has revealed catchment clusters which exhibit strong similarities of seasonal water balance, including clear and unique features, how much of an imprint of the nature of seasonality is present in other signatures of streamflow variability? Addressing this question might help to highlight secondary controls, and generate a more holistic understanding of streamflow variability.
Results presented in Figure 9 clearly indicated that at the annual scale, the nature of seasonality introduces a distinct element to the Budyko curve, in the way the classes organize themselves. Out-of-phase seasonality and snowiness have the effect of reducing the annual evaporation (and increasing annual streamflow) compared to Budyko's predictions. Likewise, in-phase seasonality has the effect of increasing annual mean evaporation (and reducing annual mean streamflow).
On the other hand, while interannual variability of annual streamflow is mostly affected by aridity, there is also a significant contribution due to climate seasonality, especially in semiarid and arid basins with in-phase seasonality (e.g., C1 and C2). The effects of seasonality are also mediated by landscape factors, as reflected in the base flow index (BFI): higher BFI works together with strong seasonality to reduce interannual variability, as shown in the results of Figure 9 . It is to be noted that mountainous catchments (clusters B1, B2) have a higher BFI than flatter catchments (clusters C1 and C2). This may be an artifact of the higher snowmelt component. Figure 11 indicate that the remaining signatures show a combination of the effects of seasonality and landscape properties. The timing of flood peaks and low flows is strongly affected by seasonality, which then impacts on the shapes of both flood frequency curves and low flow frequency curves. Aridity impacts the slope of the FFC (growth curves are more nonlinear with increasing aridity), clusters that include out-of-phase seasonality and snowiness show strong within-cluster compactness. The presence of in-phase seasonality and storminess contributes to significant within-cluster variability.
Results presented in
The patterns of streamflow signatures, and their link to climatic indices, can potentially be used to predict streamflow signatures when no streamflow measurements are available. Additionally, it may help to identify or interpret changes of hydrological behavior in response to climate change. Coopersmith et al. [2014] used the similarity indices of Coopersmith et al. [2012] to classify temporal shifts in seasonal streamflow. Our similarity indices can be used in a similar fashion, but now to describe hydrological shifts for a wider range of time scales, conditions, and processes.
Vegetation [Rodriguez-Iturbe, 2000] and the composition of the landscape [Savenije, 2010] in combination with geology [Winter, 2001] are clearly significant controls on observed hydrological behavior. At long time scales and large space scales some of these factors have been implicitly factored into the grouping of catchments through their imprint in the observed seasonal water balances. An example is BFI, which is largely determined by landscape characteristics and in some cases by snowiness, as in the case of mountainous catchments in the western U.S. [Santhi et al., 2008] : clearly, it is of major importance under low flow conditions, but has been found to also impact the shape of the flood growth curve [Guo et al., 2014] . On the other hand, at small time and space scales, the landscape characteristics that matter are those that determine the responsiveness of a catchment to precipitation inputs. Including such landscape characteristics in the similarity framework will very likely improve the prediction of these signatures. Until truly universal similarity frameworks are developed that capture streamflow variability at a range of time scales, streamflow observations and signatures of streamflow variability remain the best objective and holistic metrics of catchment similarity: this has been the rationale of previous catchment classification studies [Wagener et al., 2007; Kennard et al., 2010; Sawicz et al., 2011; Coopersmith et al., 2012] .
Conclusions
In this study, we have used a conceptual rainfall-runoff model to compute the seasonal water balance behavior of over 300 catchments across the continental U.S., and to bring out interesting coherent spatial patterns. Using the computed seasonal water balances, we grouped catchments into 10 coherent clusters having similar behavior, satisfying the criteria of minimum variance within clusters and maximum variance between clusters. We developed a similarity framework based on three climate indices alone, i.e., climatic aridity, timing of seasonal precipitation, and a temperature-based measure of snowiness, that provide a backdrop to, and explanations for, the observed similarities and differences. While the clustering of catchments is based on the seasonal water balance, and has a strong relationship to regional patterns of the three climate indices, both of these spatial patterns have been shown to map on to well-known regional ecosystem, soil, and vegetation classes. These results suggest that the dominant soil orders and vegetation types are not only climate dependent, but also that vegetation and soils both contribute to and are a reflection of the seasonal water balance regime. The dominant processes attributed to each of the catchment clusters can thus be deemed as different mechanisms through which vegetation and soils adapt to and modify the seasonal water balance in each case. A major element of the adaptation of the landscape with the seasonal climate is manifested differently in the processes or seasonal water balance behavior in different places: carry-over of soil moisture in California, snow storage and melt in the Rocky Mountains, and phenology in north-east U.S.
The paper has also demonstrated that the seasonal water balance patterns provide a useful backdrop to the streamflow variability over a wide range of time scales (daily to decadal) and states (low flow to floods). On seasonal to longer (mean annual and interannual variability) time scales, streamflow variability either directly, or indirectly through adaptation of landscape features with climate, reflects the nature of seasonal water balance. On shorter time scales, streamflow variability is a result of the interaction of climate directly with the landscape, including topography, vegetation and soil. Until these landscape factors are included, the similarity framework will remain incomplete and not universally applicable. All the signatures of streamflow variability considered here are outward manifestations of both short-term hydrologic responses and long-term adaptation of the landscape with climate, and therefore reflect as well as impact patterns of seasonal water balances, which are normally unobserved internal dynamics of catchments.
